Abstract. Using imagery of the Canadian boreal forest, we explored the ability of the Airborne Visible Infrared Imaging Spectrometer (AVIRIS) to map vegetation type by taking advantage of pigment and water absorption features. Two techniques were exploited. In the first classification routine, laboratory-acquired leaf spectra representing different "pigment classes" were used in a spectral unmixing procedure to map the relative abundance of pigments in the landscape. The resulting images were then used in a maximum likelihood routine to map the distribution of vegetation cover types. Accuracies for this method range between 66.6 -80.1%, when compared to a vegetation map prepared by the Saskatchewan Environment and Resource Management (SERM), Forestry Branch Inventory Unit (FBIU). In the second approach, seven indices of vegetation structure and physiological function were calculated from AVIRIS. Cover types were then derived using the index images as inputs in a maximum likelihood classification. Levels of accuracy for this method were between 56.6 and 73.3%, when compared to the same vegetation map. Both of these complementary techniques were able to differentiate important vegetation types such as fen, deciduous trees, and wet and dry conifers at accuracies superior to other well-established classification methods for this area. This improved vegetation classification can now be used to evaluate regional surface-atmosphere fluxes of carbon and water vapor.
Introduction
Globally, the boreal forest is one of the most extensive biomes. Encompassing ϳ14.3 million km 2 , or 21% of the world's forested land surface [Whittaker and Likens, 1975] , it stores more than 37% of the total amount of carbon in the biosphere [Kasischke et al., 1995] . An increasing body of research indicates that high-latitude (43Њ-65Њ) continental regions will be most vulnerable to large climatic perturbations resulting from global warming [Mitchell, 1983; Sellers et al., 1995] . These changes in climate are likely to result in changes in the carbon, energy, and water cycles of the boreal forest; however, the precise mechanisms and implications of these changes are still not fully comprehended. In 1993 the Boreal Ecosystem-Atmosphere Study (BOREAS) was undertaken in the boreal forest of central Canada to improve our knowledge of the processes involved in the fluxes of radiative energy, sensible heat, water, trace gases, and CO 2 between this biome and the troposphere. One of the primary objectives of BOREAS was to improve the parameterization and simulation modeling of these interactions at multiple scales [Sellers et al., 1997] . Land cover data are an essential parameter in various BOREAS modeling efforts that seek to upscale fluxes from subregional to regional scales, improve remote sensing algorithms, and study fire disturbance [Sellers et al., 1997; Steyaert et al., 1997] .
Land cover mapping of boreal forest in the BOREAS modeling region has been done primarily by using multispectral satellite sensors at the regional scale, using advanced very high resolution radiometer (AVHRR) data [Cihlar et al., 1997; Steyaert et al., 1997] and at two smaller study areas, ϳ7000 km 2 each, using Landsat TM imagery Peddle et al., 1997] . Most of these efforts have introduced new techniques for identifying cover types and offered significant improvements over supervised and unsupervised classification routines and others based on the normalized difference vegetation index (NDVI). For example, a new method introduced by exploited the reflectance signatures of different boreal vegetation types in combination with a geometric optical canopy model to produce spectral trajectories of vegetation cover types. These directional and spectral signatures were used as training data to identify the main cover types and other biophysical parameters. On the basis of sample data collected at auxiliary tower sites, accuracies of 83 and 85% were reported by Hall et al. [1997] and by Peddle et al. [1997] , respectively, using this technique. However, when subareas extracted from the entire TM scene were compared against existing vegetation maps in this study, the accuracies were often lower (45-55%; see below), and fen and dry conifers, two important boreal cover types, were largely misclassified. This error was most severe in the case of the critical cover type fen, one of the largest sources of methane (CH 4 ) in the boreal forest [Bubier et al., 1997] . Similar findings for this classification were reported by Zarco-Tejada and Miller [1999] . Despite these limitations, these Landsat TM and AVHRR classifications have provided a very valuable source of information for regional and subregional modeling efforts. However, for atmospheric, hydrologic, trace gases, soil biochemical cycles, ecosystem, and other land surface models at the sub-regional scale, AVHRR classifications do not provide the sufficient spatial and spectral resolution to accurately represent the interaction of these processes at subregional scales [Steyaert et al., 1997] .
More recent efforts have sought to improve on the results of the TM classification by employing new methods of characterizing vegetation utilizing hyperspectral data from two airborne sensors, the Compact Airborne Spectrographic Imager (CASI) and the Airborne Visible Infrared Imaging Spectrometer (AVIRIS) [Green et al., 1998 ]. These hyperspectral sensors, with their wealth of contiguous channels that allow the resolution of fine spectral and spatial detail, offer the possibility of improving vegetation classification. With these sensors, individual spectral features related to pigment composition [Gitelson and Merzylak, 1994; Peñuelas et al., 1995a; Peñuelas and Filella, 1998; Gamon and Surfus, 1999] , canopy water content [Peñuelas et al., 1997; Ustin et al., 1998; Serrano et al., 2000] , or other aspects of foliar chemistry [Martin et al., 1998 ] can be applied to a finer level of vegetation classification than is possible with broadband sensors. Using CASI data, Zarco-Tejada and Miller [1999] derived images representing the values of three red edge spectral parameters that have been linked to chlorophyll content [Miller et al., 1990; Bellanger et al., 1995] . These were then employed in an isodata unsupervised classification, a clustering procedure that assigns pixels to classes based on minimum distance techniques [Richards and Jia, 1999] , to characterize land cover types in a 16 ϫ 12 km section of the BOREAS southern study area (SSA). With an overall accuracy of 61.2% when compared to known vegetation maps, this technique improved significantly the identification of fen, when compared to the TM classification, but was unable to differentiate dry and wet conifers and identify small stands of deciduous vegetation. In addition to improvements in vegetation classification for this area, this study showed that expressions related to chlorophyll content can provide a viable method for mapping vegetation types for the boreal forest. Using AVIRIS imagery, Roberts et al. [1999] classified cover types using an improved version of linear spectral decomposition, multiple end-member spectral mixture analysis (MESMA) [Roberts et al., 1997] , for an area within the study area of Zarco-Tejada and Miller [1999] . Accuracy assessment was not undertaken in this study but visual inspection of the resulting classification showed fen and allowed some separation of conifer types. The results of these two studies suggest that new and more accurate methods of identifying boreal cover types are possible with hyperspectral sensors.
One way to classify vegetation is to exploit variations in relative pigment and water content as detected by hyperspectral sensors and represented by contrasting spectral shapes. These shapes can be captured by expressing the scene according to relative levels of fundamental "end-member" spectra using spectral mixture analysis (SMA). First introduced by Horowitz et al. [1971] , SMA assumes that a pixel reflectance is a linear combination of the reflectances of its component endmembers, such as photosynthetic vegetation, nonphotosynthetic vegetation, soil, etc. Thus a landscape is made up of a combination of these elements, which then can be used to characterize various vegetation components. Recently, various manifestations of this technique have been applied to several vegetation parameters, including biomass [García-Haro et al., 1996] , biophysical structure Peddle et al., 1997] , potential photosynthetic activity [Gamon et al., 1993] , and vegetation cover [Roberts et al., 1997] in a wide range of environments. In this study we applied representative leaf spectra having widely varying pigment composition along with soil and water spectra as a basis for decomposing landscapes into varying levels of water, soil, and pigment types as an initial step in further classification.
Another approach is to classify vegetation by reducing the spectral information into numeric values or indices. Perhaps the most widely used vegetation index for detecting the amount and distribution of green vegetation is the normalized difference vegetation index (NDVI) [e.g., Tucker, 1979; Defries and Townshend, 1994] . A modified form of this index, referred to as "mNDVI," has been used to detect chlorophyll content of leaves [Gitelson and Merzylak, 1994; Gamon and Surfus, 1999] . Levels of anthocyanin content or xanthophyll cycle pigments can be detected by the red/green ratio or photochemical reflectance index, respectively [Gamon and Surfus, 1999] . Furthermore, indices such as the water band index (WBI) [Peñuelas et al., 1997] , and the normalized difference water band index (NDWI) [Gao, 1996] have been shown to be good indicators of leaf and canopy water content, which varies both with vegetation type and physiological state [Gamon and Qiu, 1999; Serrano et al., 2000] . Because levels of water and pigments vary with vegetation type and physiological state, indices describing relative levels of these constituents might be useful for classifying vegetation. However, most reflectance indices have been tested only under limited circumstances, for example, at leaf to stand scales, often in uniform, closed canopy stands, and they are rarely applied in combination.
The primary objectives of our study were (1) to develop new vegetation classifications of boreal forests at the subregional scale as a basis for improved carbon flux estimates, (2) to explore alternative approaches to express land cover vegetation based on pigment and water content, (3) to test the advantages of hyperspectral AVIRIS data over satellite multispectral data (Landsat TM), and (4) to test the robustness of these techniques across seasons.
Materials and Methods

AVIRIS Data and Study Areas
Radiometrically corrected AVIRIS 1994 imagery for three seasons, fall (September 16), spring (April 19), and summer (July 21) for the BOREAS southern study area, near Prince Albert, Saskatchewan, were obtained from the NASA Jet Propulsion Laboratory (JPL), Pasadena, California (Figure 1 ). The radiance images were converted to apparent surface reflectance using an algorithm that utilizes a combination of a nonlinear least squares fitting routine and the Moderate Resolution Transmittance (MODTRAN) radiative transfer code to extract atmospheric and leaf water abundance, developed by Green et al. [1993] . To improve reflectance retrievals, ground surface reflectance acquired over a uniform target at a calibration site were compared to the retrieval from that scene. This correction was then applied to all other scenes obtained within the same flight date [Roberts et al., 1999] . In BOREAS at the subarea scale, water vapor, heat, and CO 2 fluxes were measured using eddy covariance equipment installed on flux towers at two study areas within the BOREAS modeling region (ϳ500,000 km 2 ). These local measurements (ϳ1 km 2 ) have been linked to aircraft measurements to derive fluxes at the regional scale [Steyaert et al., 1997] . Because of the importance of flux towers to the overall BOREAS objectives and the need to better characterize tower "footprint" areas, the AVIRIS images were selected to include the largest number of flux tower sites. These images also contained the major vegetation types representative of the BOREAS study region. The images were georeferenced using a panchromatic Landsat TM image as a base map, obtained from the BOREAS Information System (BORIS) archive (Goddard Space Flight Center, Greenbelt, Maryland) . Two study areas were extracted: JP FEN ("jack pine fen"), where the dominant vegetation types were Pinus banksiana (jack pine) and fen, and OBS ("old black spruce"), where the dominant species was Picea mariana (black spruce) (Figure 1 ).
BOREAS Vegetation Cover Types
Boreal forest cover type data were acquired from the BO-RIS database for the SSA [Gruszka, 1998] . This data set originated from digital versions of 1:12,500 scale vegetation maps produced by the Saskatchewan Environment and Resource Management, Forestry Branch Inventory Unit (SERM FBIU). The original maps were created using black and white infrared aerial photography coupled with previously mapped data as well as field reconnaissance notes. The maps were digitized into ARC/INFO vector coverages by SERM FBIU and provided to BORIS. BORIS staff mosaicked and gridded the original vector files to 30 m pixel images. In addition to cover type, this data set also included images that provide information on crown closure, height class, and year of stand origin or disturbance. The images were projected into the BOREAS grid projection, a modified version of the ellipsoidal Alberts Equal-Area Conic (AEAC) projection. The vegetation cover image was reprojected into the UTM, NAD 27, zone 13 coordinate system. The SERM-FBIU classification included 20 cover classes (Table 1 ). The broadleaf component of the mixed categories is composed mostly of trembling aspen, but it can also include white birch, green ash, Manitoba maple, white elm, and bur oak. BOREAS scientists identified nine forest cover types that met the modeling needs of the different science groups in the project. These were wet conifer, dry conifer, mixed forest (coniferous and deciduous), deciduous, disturbed, fen, water, regeneration, and recent burn areas [Steyaert et al., 1997; . The SERM-FBIU vegetation cover types were grouped into these ecologically significant vegetation types. The groupings are given in Table 1 and the classification in Plates 1a and 1e. The regeneration categories were omitted from the analysis since this category is not present in the SERM-FBIU inventory raster data, and the stand age layer includes data only between 1825 and 1986. Consequently, recently disturbed areas were not represented. Additionally, the burn category was integrated into the disturbed class because it represented a small proportion of the vegetation cover in both study areas.
A Landsat TM vegetation classification produced by scientists of the BOREAS staff science group was also obtained from BORIS [Hall, 1999] . This classification was developed using the methodology outlined by Hall et al. [1997] and uses a combination of reflectance of various land cover types and a geometric optical model to produce spectral trajectories. The trajectories were then used as training data to classify the different vegetation types and age classes described previously. The original radiance Landsat-5 TM image was acquired on September 2, 1994, and it was atmospherically corrected using optical depths from a Sun photometer in conjunction with the 6S algorithm. After the image was classified, it was projected into the BOREAS grid projection. The image was obtained from BORIS and reprojected into the UTM zone 13, NAD27 coordinate system. Subsequently, the image was regrouped to match the seven cover types described earlier (Table 1 , Plates 1b and 1f).
As mentioned above, we explored land cover using two alternate methods of expressing vegetation pigment and water content. The first used a combination of leaf spectra (representing varying mixtures of the principal pigment groups present in photosynthetic vegetation), along with water and soil spectra, in a linear spectral decomposition procedure, spectral mixture analysis (SMA), to obtain the relative abundance of those components (the "leaf-based approach"). The second used a combination of several reflectance indices that provide information on pigment and water abundance (the "index-based approach"). The products of these processes were then used as inputs in a supervised maximum likelihood classification to distinguish land cover types.
Leaf-Based Approach
Because pigment spectra in isolated extracts differ markedly from those in the intact leaf, we decided to model the landscape based on leaf spectra. Liquidambar styraciflua (sweet gum), a common street tree native to the eastern United States, was chosen because leaves of this species display widely varying combinations of major plant pigment groups (chlorophylls, carotenoids, and anthocyanins). This species provided the unusual opportunity to obtain spectral end-members of leaf "types" representing varying relative pigment combinations, including relatively pure spectra of each of these pigments. Leaf spectra in the visible/NIR (400 -1100 nm) for 10 sweet gum leaf types, representing widely varying levels of pigmentation, were collected using a portable spectrometer (Unispec, PP Systems, Haverhill, Massachusetts). Figure 2 shows four representative spectra. The leaves were collected in the vicinity of the California State University, Los Angeles campus, in the fall of 1998. Additionally, soil spectra (from roads) and water spectra (from lakes) were generated as the average of 100 spectra extracted from the JP-FEN July 21 AVIRIS mosaic. All spectra were interpolated to match 1994 AVIRIS bands 13-32 and 35-67 (489.67-991.44 nm) . Then, they were converted into a spectral library and used as input in a SMA which extracted the fractions of each spectral type (or "end-member") for the OBS and JP-FEN image cubes. The result of this procedure was a 12-band image cube with each band representing one of the end-members used in the SMA process. One image was created for each of the end-members used for the process, and for each pixel, a value representing the fraction of that end-member was produced.
Index-Based Approach
Seven reflectance indices were selected to characterize the vegetation composition of the two study areas. These indices are indicators of pigment content, photosynthetic rates, canopy structure, or water content, and their effectiveness has been widely explored at the leaf and canopy scales [Blackburn, 1998; Gamon et al., 1992 Gamon et al., , 1997 Gamon and Surfus, 1999; Gao, 1996; Gitelson and Merzylak, 1994; Peñuelas et al., 1994 Peñuelas et al., , 1995b Peñuelas and Filella, 1998 ]. The formulas and applications for these indices are provided in Table 2 . This particular number and combination of indices was selected in part because they could provide important information on biochemical and biophysical features of vegetation. Using the original 224-channel AVIRIS image cube for the two areas, the reflectance indices were calculated. Figure 3 gives a visual representation of the information in Table 2 . To obtain the exact bands employed in the index formulas, AVIRIS wavelengths were interpolated using linear interpolation; preliminary accuracy assessment, using the methods described below, showed that interpolated values provided slightly better results than the other methods tested.
Maximum Likelihood Classification
Both the leaf-based and the index-based image cubes for the three seasons were classified using the maximum likelihood classification method [Richards and Jia, 1999] . A set of training pixels was selected to be used in a maximum likelihood routine. The selection was based on the 20 vegetation types from the SERM-FBIU land cover classes listed in Table 1 . A region of interest of 100 pixels per cover type was chosen for the analysis; however, for the burn-over, disturbed/jack pine regeneration, experimental area, and flooded land classes, this was not possible because of limited spatial extent. To simplify the analysis, we decided to combine them into a single "disturbed" cover class. Pixels from the above mentioned classes, in addition to the disturbed, cut or burn cover type, were selected for the disturbed training pixel set. To achieve a more statistically representative training set, sample pixels were randomly selected across the entire image. To minimize overrepresentation and underrepresentation of large and small cover types, respectively, the number of pixels for all classes were kept equal [Richards and Jia, 1999] . The resulting images were reclassified into the seven BOREAS cover types. 
Accuracy Assessment
An essential component of any classification routine is the assessment of the accuracy of the results obtained. One of the most common ways of determining accuracy is to use a confusion or contingency matrix. This approach uses pixels from the classified image and checks their labels against a reference data source or "ground truth." In this method, accuracy can be expressed in three ways: (1) producer's accuracy or omission errors; this refers to the probability (%) that the correct class has been identified on the basis of the ground truth reference; (2) user's accuracy or commission errors; this is the probability that a pixel of a class has been classified correctly based on the total number of pixels classified as that class; and (3) overall accuracy or the total number of image pixels classified correctly. Another measurement of map accuracy is the kappa coefficient () which is derived using the elements of the error matrix. The kappa coefficient gives an estimate of overall accuracy based on both omission and commission errors [Richards and Jia, 1999] .
Accuracy of the AVIRIS classifications was assessed using a second set of pixels selected across the image. To allow comparison to the SERM-FBIU and Landsat TM classifications, both having a pixel resolution of 30 m, the 20-m pixel AVIRIS mosaics for the two study areas were resampled using a firstdegree polynomial nearest-neighbor warping routine [Richards and Jia, 1999] . A region of interest of 700 pixels, 100 per cover type, was selected from the SERM-FBIU-reclassified image. Careful consideration was taken to avoid selecting pixels used in the maximum likelihood procedure. The test pixels were subsequently overlaid on the leaf-type and index-based maximum likelihood images, and their identities were checked against those of SERM.
Results
The results of the two AVIRIS classification methods for JP FEN and OBS for summer (July 21) are presented in Plates 1c and 1g (leaf based) and Plates 1d and 1h (index based). A visual comparison of both methods to the SERM and TM classifications indicates that both AVIRIS classification methods correspond better to the SERM FBIU than the TM classification, and all major boreal vegetation types are represented. Tables 3 and 4 present the accuracy assessment  developed for the AVIRIS leaf-based maximum likelihood  classifications while Tables 5 and 6 for the index-based.
Accuracies varied with method, AVIRIS scene, season, and cover type, as indicated in Tables 3-6. Of the two methods, slightly higher accuracies were obtained with the leaf-based method (Plates 1c and 1g) (overall accuracy 66.6 -80.1% for the leaf-based method versus 56.6 -73.3% for the index-based method). However, it should be noted that for both methods, accuracy was sensitive to the number and particular combination of indices or end-members used in the initial classification stages. For example, for the JP-FEN area in July 1994, overall accuracy of 60% obtained by using two indices improved to 78% when using all seven indices. Of the two scenes, higher accuracies were obtained with the JP-FEN scene (overall accuracy 72.7-80.1% for the JP-Fen scene versus 56.6 -75.6 for the OBS scene). Season also had a slight effect on accuracy, but this effect was not consistent across methods and scenes. For example, using the leaf-based method for the JP-FEN scene, spring and fall yielded slightly higher overall accuracies than summer (80 -80.1% for spring and fall versus 73.7% for summer). However, the same method for the OBS scene yielded the highest overall accuracy in summer (75.6%). Within a scene and method, user accuracies varied with cover type. Not surprisingly, the highest user accuracies were obtained with water (99 -100%). Of the different vegetation types, the lowest user accuracies were obtained with the mixed class (e.g., 47.2-62.6% for the JP-FEN scene using the leafbased method). On the other hand, the other vegetation classes all yielded better results, with user accuracies ranging as high as 91.4% (deciduous class for the JP-FEN scene in fall, using the leaf-based method). Producer accuracies displayed more variation than user accuracies for the three seasons studied, primarily due to the comparison of an idealized heterogeneous SERM map to the more fragmented AVIRIS areas. For example, the lowest producer accuracies were obtained for dry conifers in the OBS scene (9 -44%); however, high accuracies (63-89%) were obtained for the same vegetation type in the JP-FEN scene. The highest accuracies were observed again for water (68 -100%).
A comparison of the AVIRIS-based classification methods to earlier Landsat TM classifications Hall, 1999] revealed substantial improvements over these previous classifications. With Landsat TM, overall accuracies for our two study regions were 54.7% (JP FEN) and 44.9% (OBS) ( Table 7 , Plates 1b and 1f). By contrast, AVIRIS imagery, using even the weakest, index-based method, yielded higher overall accuracy values (72.7-73.3% for JP Fen, and 56.6 -68% for OBS, depending upon season) (Tables 3-6 ). Using the stronger, leaf-based method, overall accuracies were even higher (73.7-80.1% for JP Fen, and 66.6 -75.6% for OBS). Thus regardless of location, method, or season, hyperspectral AVIRIS imagery yielded markedly better cover classifications than previous methods based on Landsat TM.
Discussion
Modeling the potential of the boreal forest to become either a carbon sink or source demands an accurate knowledge of the distribution of the different cover classes present in this ecosystem [Sellers et al., 1997; Steyaert et al., 1997] . The TM physical classification developed by the BOREAS staff science team has been an invaluable source of information in the modeling of fluxes in the boreal forests of Canada. Nevertheless, as Hall et al. [1997] acknowledged, this classification had difficulty identifying important cover types such as fen, an important source of methane in this ecosystem, and dry conifers. The results of the accuracy assessment for the TM classification undertaken in our study indicate values lower than those provided by the BORIS staff scientists in their experimental report in which an overall accuracy of 83% for the entire TM scene was noted [Hall, 1999] . In this study, using our sample pixels, the overall accuracy of the TM classification was only 54.7% for the JP-FEN study area and 44.9% for OBS.
According to our analysis, most of the errors in the TM classification arose from the misclassification of fen as wet conifers and of dry conifers as wet conifers. Another source of error for this classification was the misclassification of mixed stands (conifers and deciduous) as deciduous vegetation. In an ideal situation the reference data for accuracy assessment is collected during field visits. For our study, field verification was not possible, and therefore the SERM-FBIU classification was employed as a "ground truth," an approach also taken by Zarco-Tejada and Miller [1999] , whose study also provided improvements over the TM classification. According to the results of our study, both leaf-and index-based methods led to additional improvements in overall accuracy as well as in the identification of previously problematic cover types, when using the SERM FBIU as a reference map. This is not surprising, considering that the leaf-and index-based methods make good use of the rich information content present in hyperspectral data. a Contingency matrix derived from test pixels for the AVIRIS leaf-based maximum likelihood classification for spring (A), summer (B), and fall (C).
In our discussion of accuracy, it is important to stress that the SERM-FBIU map used as "truth" has its own inherent limitations. These are mainly related to the fact that it is a highly generalized data set that has not been regularly updated. For example, as Potter et al. [1999] pointed out, treed muskeg, defined as sphagnum bog with tussocks, seems to be a poorly differentiated class in the SERM classification scheme. Thus our reclassification of treed muskeg uniquely into fen introduced a source of uncertainty that comes inherently from the use of the SERM map for accuracy checking. An additional source of error in accuracy in our classifications resulted from imperfections in the georeferencing of the AVIRIS imagery. In some areas the vegetation class had been identified correctly, but it was scored as a misclassification because it did not overlay exactly on the corresponding SERM map area. Consequently, we believe that actual classification accuracies may be somewhat higher than reported here. Given these inherent errors and given the previously reported difficulties of distinguishing boreal forest vegetation (discussed above), our overall scene accuracy rates (up to 80.1% in one case) may be close to the maximal possible and should probably be considered excellent.
Of the two methods presented here, the slightly better results using the leaf-based method may be due to the fact that it uses more of the spectral information present in the AVIRIS imagery than the index-based method. Because it incorporates all spectral information within the 489.67 to 991.44 nm region, the leaf-based method appears to have more power to distinguish cover classes than the index-based method, which is based on a limited number of spectral bands. The exact mechanisms causing higher accuracies with the leaf-based approach are not fully understood. Part of the explanation can be attributed to the large number of important physiological and biochemical features of vegetation found in this region of the spectrum. For example, most of the bands that were used in the index-based method are contained here; additionally, other wavelengths, for example, 783 and 822 nm, which have been found to be sensitive to foliar chemistry by Martin et al. [1998] are also included. Nevertheless, more exhaustive statistical and/or simulation analyses need to be undertaken to better explain these results.
Both index-based and leaf-based methods rely on the presence of universal water and pigment absorption features that are fundamental to all vegetation, regardless of type, location, or season. The good results regardless of cover type and season, including spring dates when snow was still present, support our conclusion that these methods may have wide applicability. With hyperspectral sensors, the presence of spectral information at narrow wavelength intervals (10 nm in the case of AVIRIS) provides a rich opportunity to apply approaches over large landscapes that have previously been tested only at leaf and canopy scales. Previous applications of narrowband indices to AVIRIS images have been limited and often difficult to verify, often due to the lack of suitable independent verification [e.g., Gamon et al., 1995] . In this study, when applied in concert to properly calibrated and atmospherically corrected AVIRIS imagery, hyperspectral indices are clearly able to distinguish different cover types. Similar conclusions have recently been reported with AVIRIS data from Harvard Forest in central Massachusetts [Martin et al., 1998 ] and from the Santa Monica Mountains in southern California [Gamon and Qiu, 1999] .
An advantage of using appropriate indices for classification is that they can provide maps of functionally or structurally important landscape features, particularly when used in combination. Nemani and Running [1997] demonstrated that the combination of NDVI and surface temperature is able to distinguish broad vegetation classes at a continental scale. Gamon and Qiu [1999] illustrated that combining WBI with NDVI separates functionally distinct vegetation types in the Santa Monica Mountain region of southern California linked to contrasting patterns of seasonal water content. Rahman et al. [2000] developed a simple CO 2 uptake model for boreal forest vegetation using a combination of NDVI as an indirect measure of photosynthetically active radiation absorbed and PRI as a measure of light use efficiency. By relating CO 2 flux measurements at various tower locations in the SSA to CO 2 uptake values derived from AVIRIS imagery, they were then able to create maps of photosynthetic fluxes for this region. Thus a particular advantage of hyperspectral sensors is that they allow the exploration of a large number of alternate approaches to classifying according to functional properties. Further development of hyperspectral approaches should lead to robust methods for mapping cover types.
Both the leaf-type and the index-based methods offer the potential for further improvement. One way to improve them might be to combine them or to add other approaches (e.g., multiangle sensors or radar). Furthermore, explicit inclusion of seasonality might strengthen these methods. Additionally, the final classifications from both methods are derived using the supervised classifier maximum likelihood. This limits the utility of the methods presented here because a priori knowledge of the vegetation types present in a landscape is required. Hence there is a need to develop a more "universal classifier" which relies on previously calculated statistics based on the index and leaf type values for each of the vegetation types present in a landscape. This could then be applied on all imagery available. This could potentially lead to better classifications that eliminate the need to apply these techniques on a per scene basis as well as limit the influence of the analyst on the results. Despite the limited and seemingly arbitrary use of the particular endmembers or indices employed in the initial classification stage, the final classification results are superior to prior published methods. While more work is needed to develop a more objective basis for selecting and expressing a particular classification approach, this study nevertheless illustrates that AVIRIS provides a rich array of tools for improving regional landscape classifications.
To improve the leaf-based method, exploring a larger leaf spectral data set in combination with statistical data reduction techniques such as factor analysis could lead to standardized spectra (end-member spectra) for SMA which are closely related to the main pigment groups (chlorophylls, carotenoids, and anthocyanins). Because of the functional significance of these pigment groups [Gamon and Surfus, 1999] , this might allow accurate identification of cover types clearly linked to physiological or ecological function (i.e., mapping of novel "functional types"). Additionally, if the appropriate radiative transfer models were to become available, it might eventually be possible to utilize fundamental pigment spectra (e.g., laboratory spectra of isolated pigments) to develop a means of quantifying landscape pigment levels on an absolute basis. It is important to note that spectra of pigments in isolation differ dramatically from those in nature, due to alterations in the chemical environment caused by extracting pigments (which cause spectral shifts) and to the multiple scattering present in leaves and canopies (which cause broadening of absorption bands) [Nobel, 1970; Knipling, 1970] . Because of the lack of appropriate models to resolve these complexities, such an absolute approach is not currently possible. Alternatively, with the addition of extensive (and expensive) destructive field harvesting, it might be possible to develop empirical calibrations between the relative pigment and water expressions used in this study and more absolute expressions. Because such field calibrations were beyond the scope of this analysis (and indeed were prohibited by our funding source), the leaf-based method currently relies on unitless, relative pigment and water levels as an intermediate product in the classification procedure.
The index-based maximum likelihood classification also offers the possibility for improvement. One approach would be to conduct further systematic studies examining a wider range or additional combinations of indices. Among the numerous published reflectance indices used to characterize vegetation, only seven were employed in this study, and one of these indices (the "greenness" one, Table 2 ) has, to our knowledge, not been used before. It is possible that inclusion of some of the many additional indices in the published literature could further improve accuracy. This statement departs somewhat from the results of Zarco-Tejada and Miller [1999] , who found that adding a fourth index (NDVI) to their red-edge parameter classification decreased the accuracy of their method. Thus merely introducing additional vegetation indices into a classification does not guarantee improvement in the identification of vegetation classes, and it could potentially lead to mislead- ing conclusions. Clearly, careful consideration must be given to determining the best combination of indices for land cover mapping. Efficient narrowband satellite and airborne sensors could then be built with only those spectral bands required to derive the minimal number of "optimal" indices needed for land cover mapping and/or biophysical parameters.
It is becoming increasingly clear that hyperspectral sensors offer many new opportunities for improved land cover estimation. The two methods introduced here appear to be particularly powerful for regional-scale mapping, when hyperspectral imagery is available. In this study we were fortunate to have an independent vegetation map for validation; however, a primary limitation, even for regional studies, remains the difficulty of validation. This challenge is even more formidable at the global scale. Given the common constraints on data volume from satellite sensors, the index method might be the more appropriate method for developing global-scale applications. Further investigation is focusing on developing more fundamental, quantitative derivations of pigment and water content, as well as an optimal set of indices for the purpose of improved vegetation mapping and modeling of carbon and water vapor fluxes.
